The architectonic subdivisions of the brain are believed to be functional modules, each processing parts of global functions. Previously, we showed that neurons in different regions operate in different firing regimes in monkeys. It is possible that firing regimes reflect differences in underlying information processing, and consequently the firing regimes in homologous regions across animal species might be similar. We analyzed neuronal spike trains recorded from behaving mice, rats, cats, and monkeys. The firing regularity differed systematically, with differences across regions in one species being greater than the differences in similar areas across species. Neuronal firing was consistently most regular in motor areas, nearly random in visual and prefrontal/medial prefrontal cortical areas, and bursting in the hippocampus in all animals examined. This suggests that firing regularity (or irregularity) plays a key role in neural computation in each functional subdivision, depending on the types of information being carried.
Introduction
Two principles underlie systems neuroscience: first, that neurons are the principal carriers of information (Ramó n y Cajal, 1899; Bullock et al., 2005; DeFelipe, 2010) , and second, that the neurons in different architectonically defined brain regions are specialized both by their morphology and by the intrinsic circuitry so that they process information differently than other brain regions (Brodmann, 1909; Elston, 2003; Toga et al., 2006; Zilles and Amunts, 2010) . Because different types of organization exhibit different dynamics, these two principles may be combined so that neuronal firing patterns are dependent specifically on different types of circuit organization and related to the functions for which a given brain region is specialized.
If it is true that the specific firing patterns are important for particular neuronal computations, the firing patterns of neurons in different brain regions ought to be different. Previous studies support this supposition; there are statistical features of neuronal firing that vary considerably across cortical regions of monkeys (Shinomoto et al., 2003 (Shinomoto et al., , 2009 Maimon and Assad, 2009; Murray et al., 2014) . If we postulate that these intrinsic features of neuronal firing evolved to optimize a particular type of local neuronal information processing, we might find that the firing patterns in homologous brain regions in different animal species (Brodmann, 1909; Northcutt and Kaas, 1995) will be more similar than firing patterns seen from one region to another within a species.
In this report, we examined neuronal firing from sets of homologous brain areas of behaving mice, rats, cats, and monkeys (macaques) using Ͼ2000 spike trains. Ideally, it would be best to perform these measurements using tasks that are similar across species and when recording in a variety of brain regions. However, such data do not seem to exist. In neurophysiology experiments, behavior is generally shaped according to the hypothesized specialization of the tissue under study and the interests of the investigators. In the data analyzed here, the neuronal activity was recorded while the individual subjects were awake and actively engaged in behavioral tasks. We characterized these spike trains using the firing rate, firing regularity, and serial correlation of interspike intervals (ISIs).
Despite the differences in behavior, the firing regularity (defined as the variability of ISIs) differed systematically across different cortical regions, and was related across species.
Materials and Methods

Neuronal spike data
Spike trains were recorded from motor, visual, and prefrontal cortices, as well as hippocampus from mice, rats, cats, and monkeys of either sex. To see the degree to which firing characteristics depend on the recording methods and behavioral tasks, for each brain region, we grouped spike trains according to the experimental laboratories that obtained them. This provided 36 data sets: cortical motor areas of mice (1 data set), rats (2 data sets), and monkeys (11 data sets); visual areas of cats (1 data set) and monkeys (9 data sets); sensory (barrel) cortex of rats (1 data set); medial prefrontal cortex (mPFC) of rats (2 data sets) and monkeys (2 data sets); and hippocampus of mice (1 data set), rats (4 data sets), and monkeys (2 data sets; Table 1 ). For the data in which spike sorting was involved, we accepted the criteria for isolating spikes of a single neuron that have been used in respective experimental groups. We used the initial segment containing 2001 consecutive spikes, i.e., 2000 ISIs, without regard to task trial periods or intertrial intervals. For some monkey data in which recording had been suspended during intertrial intervals, we concatenated no more than 20 spike trains obtained in successive trials by superimposing the last spike in the preceding trial on the first spike in the succeeding trial. Spike trains that contained fewer than 2001 spikes or those with mean firing rates Ͻ2 spikes/s were discarded. Our requirement for spike trains to contain Ͼ2000 spikes imposed a priority for neurons of high firing rate. Ninety-one percent of spike trains exceeded the firing rate threshold. This yielded 2259 spike trains for firing-pattern analysis.
All procedures for animal care and experimentation were in accordance with the guidelines of the National Institutes of Health and approved by the animal experiment committees at the institutions where the experiments were performed.
Analysis of firing patterns
Characterization of firing patterns
We estimated the firing rate, firing regularity, and ISI correlation for each spike train to search for firing characteristics that can be related to the functional regions (Fig. 1) . Each spike train consisting of 2000 ISIs was divided into m ϭ 100 segments of n ϭ 20 ISIs, and each measurement was made for each segment. The results from these 100 segments were averaged for each spike train. The firing rate and firing regularity were quantified by fitting the gamma distribution (Kuffler et al., 1957; Stein, 1965; Reich et al., 1998; Brown et al., 2002; Shimokawa and Shinomoto, 2009) :
where I is the duration of a given ISI, and are the shape and scale factors, respectively, and ⌫(x) is the gamma function. Firing rate. The maximum likelihood estimation of the scale factor of the gamma distribution gives the firing rate as follows:
where I i is the duration of the ith ISI. We indicate the firing activity in terms of the log firing rate averaged over m (ϭ 100) segments, as follows:
where j represents the firing rate in the jth segment. We take the logarithm of the firing rate as well as the shape parameter , because the information distance between different gamma distributions scales approximately with log and log (Miura et al., 2006).
Firing regularity. The shape factor of the gamma distribution represents the firing regularity. This is estimated by maximizing the likelihood, which is achieved by solving the following equation:
where (x) is the digamma function (Cox and Lewis, 1966) . We represent the regularity of a given spike train by averaging the logarithm of the shape factor over m segments:
Firing regularity log is expected to take a value of 0 (i.e., ϭ 1) for a Poisson spike train and becomes positive or negative if firings are more regular ( Ͼ 1) or bursting ( Ͻ 1), respectively ( Fig. 1 B, C) . ISI correlation. We estimated the correlation of consecutive ISIs using Spearman's rank-order correlation of order one (Kuffler et al., 1957; Farkhooi et al., 2009; Fig. 1B) . For each segment of a spike train or a sequence of ISIs {I 1 , I 2 ,...,I n }, we indicated their rank order as {r 1 , r 2 ,...,r n }, where r i denotes the rank of the ith ISI, I i , in ascending order. When there were sets of identical ISIs, they were each assigned the average rank. Spearman's rankorder correlation of order one is defined as follows:
where r is the average of ranks [ϭ(n ϩ 1)/2]. By averaging the rank order over m (ϭ 100) segments, we represented the degree of renewality of a given spike train of 2000 ISIs:
Here we used rank-order correlation instead of raw ISI correlation to minimize the bias in the estimation, because the raw ISI correlation is sensitively dependent on the shape of the ISI distribution, and, in particular, it tends to give a bias for an asymmetric distribution, even if ISIs were derived independently.
Comparison between data sets
To compare firing patterns of sets of spike trains recorded from a particular cortical area by a particular laboratory, the mean and dispersion (as represented by the SD among spike trains in a given data set) of the firing characteristics were estimated for each set of spike trains collected by that laboratory (Fig. 2) . The possible range of fluctuations in the mean and dispersion of firing characteristics due to sampling of neurons was estimated by a nonparametric bootstrap procedure as follows: (i) Draw 10 spike trains randomly from a data set (duplicated drawing of the same neuron is allowed), and compute the mean and dispersion of three metrics log , log , and .
(ii) Repeat process (i) 100 times to compute the average and covariance of mean and dispersion. (iii) Fit a twodimensional Gaussian distribution to the 100 points obtained from process (ii) to represent the fluctuations of mean and dispersion of a metric. 
Hierarchical clustering
To compare the degree to which a specific firing characteristic was correlated with the region of brain areas, we performed Ward's method of hierarchical clustering of the best fitting two-dimensional Gaussian distributions for the mean and dispersion of metrics obtained from the bootstrap procedure described above. We defined the distance between two distributions P(x) and Q(x)tobethe Hellinger distance (Bishop, 2006) , whose square is given by the following:
The Hellinger distance is zero when two distributions are identical, and unity for disjoint distributions.
Local variation of ISIs
Some of the authors analyzed monkeys' neuronal spike trains using an index of local variation of ISIs, Lv (Shinomoto et al., 2003) , given as
or its variant LvR (Shinomoto et al., 2009 ). However, Lv may be interpreted as either the firing irregularity or the correlation between consecutive ISIs. This can be seen by expanding the summand as follows:
where the second term on right-hand side is the rescaled correlation of consecutive ISIs.
Results
Regional specificity of firing characteristics Using spike data obtained from rats and monkeys, we compared the firing characteristics across the first 1000 and last 1000 ISIs. The correlations of the firing rate log , firing regularity log , and ISI correlation were strong, indicating that all firing characteristics were stable through the recordings of these individual neurons; r ϭ 0.81, 0.95, and 0.83, for rat data (Pearson correlation, N ϭ 400, p Ͻ 10 Ϫ4 for all data), and r ϭ 0.94, 0.95, and 0.86 for monkey data (Pearson correlation, N ϭ 1775, p Ͻ 10 Ϫ4 for all data). Figure 3 , A and C, presents the distributions for the data sets, with axes representing the mean and dispersion of firing rate, regularity, and ISI correlation. Here, the dispersion of firing characteristics is represented by the SD of sampled data (see Materials and Methods; Fig. 2 Table 1 .
and dispersion of metrics due to sampling; each range was obtained by nonparametric bootstrapping, by randomly sampling 10 spike trains from a given data set (see Materials and Methods). Although the firing characteristics might have depended on individual laboratories' recording methods as well as behavioral tasks, data sets from the same functional areas were better clustered in terms of the firing regularity log than in terms of the firing rate log or ISI correlation . Figure 3 , B and D, presents the results of the hierarchical clustering applied to the data points in panels A and C (Ward's method based on the Hellinger distance between distributions obtained from bootstrapping; see Materials and Methods), indicating the superior regional specificity of the firing regularity log . The mean firing regularity was similar in prefrontal and visual cortices, but its dispersion (SD) was smaller in the prefrontal cortex than in visual cortices (Fig.  3C ). This implies that the prefrontal cortex does not have a variety of firing patterns, but mostly consists of near-Poisson-firing neurons, whereas the visual cortices contain a wider variety of neurons exhibiting regular, random, and bursting firing patterns.
To quantify the degree to which a specific firing characteristic was correlated with the region of the brain, we performed a one-way ANOVA with Welch's correction for unequal variance and evaluated the goodness of the functional grouping in terms of the F test statistic. For data obtained from rats and monkeys, the F test statistics for firing regularity turned out to be considerably greater (rats, F (2, 213) Figure 4 . Distribution of firing regularity among various functional areas of mice, rats, cats, and monkeys. A, The mean and dispersion of firing regularity log . The quarter-filled, half-filled, three-quarterfilled, and fully filled circles represent average values of individual data sets of mice, rats, cats, and monkeys, respectively. The ellipses represent the range of typical deviation (75% confidence regions) of respective data sets due to the finite sampling size of neurons. B, The average firing regularity in four functional areas of different animals. The error bars indicate SDs.
Interspecies similarity of firing regularity across homologous regions
Neuronal firing was regular in motor areas (log Ͼ 0), nearly Poisson in visual and prefrontal/medial prefrontal cortical areas (log ϳ 0), and bursting (log Ͻ 0) in the hippocampus in all the animals examined (Fig. 4) . The differentiation of functional areas was also observed when fitting with other families of distribution functions, or when using other metrics of firing irregularity (Fig. 5) .
To compare the degree to which the firing regularity depends on brain regions and species, we computed the F test statistic that measures the between-group variability relative to within-group variability and the proportion of variance explained that measures the sum of squares between groups relative to the sum of squares in total. The F test statistic across the four brain region types turned out to be very large (F (3,765) ϭ 308.61), absolutely greater than the one across the four species (F (3,93) ϭ 68.32). The variance explained indicated consistent results: 2 ϭ 0.30 and 0.06, respectively, for brain regions and species. Therefore, the firing regularity is better clustered in brain region types than in species.
We also compared other firing characteristics across brain regions and species. The firing rate exhibited a result opposite to the firing regularity; F (3,686) ϭ 106.64 and F (3,88) ϭ 250.54, and 2 ϭ 0.11 and 0.24, respectively, for brain regions and species. This means that the firing rate was better clustered in species than in brain region types, as is observed in the distribution of firing rates (Fig. 6, Table 1 ). The ISI correlation is rather noncommittal to the factors, compared to the firing regularity and firing rate; F (3,88) ϭ 41.73 and F (3,761) ϭ 24.61, and 2 ϭ 0.03 and 0.05, respectively, for brain regions and species.
Temporal variation of firing characteristics
So far, we have examined neuronal firing characteristics regardless of stimulus or behavioral conditions. Because neuronal firing may change according to these factors, it is important to grasp the extent to which the firing characteristics may vary depending on conditions. To this end, we analyzed spike trains recorded from both the presupplementary motor area (preSMA; data set 21) and PF (data set 26) while the same monkeys were performing the same task (Mita et al., 2009) ; the monkeys were required to hold down a key when a visual cue was given for 2 s. Kuffler et al., 1957; Stein, 1965;  Fig. 4A ), the log-normal distribution (middle; Burns and Webb, 1976) , and the inverse Gaussian distribution (right; Gerstein and Mandelbrot, 1964) . B, Various local metrics of firing irregularity: Lv (top left; Shinomoto et al., 2003) , Cv2 (top middle; Holt et al., 1996) , IR (top right; Davies et al., 2006) , SI (bottom left; Miura et al., 2006) , and LvR (bottom right; Shinomoto et al., 2009) . Differences in firing regularity among cortical areas can be seen consistently, regardless of the fitting functions or the choice of the local metric. Figure 7A demonstrates the peristimulus histograms of average firing rate, firing regularity, and ISI correlation in these areas. In terms of the ensemble firing rates, both the preSMA and PF exhibited significant response to the cue stimulus (paired t tests for spikes occurred in two intervals of 1000 ms before and after cue onset, t (117) ϭϪ2.84, p ϳ 0.005 and t (21) ϭϪ2.86, p ϳ 0.009). The intraneuronal differences in firing regularity caused by the stimulus were relatively small; we observed a certain change only in preSMA (t (114) ϭϪ2.68, p ϳ 0.009), but not in PF (t (21) ϭϪ1.32, p ϳ 0.2). The increase of firing regularity that occurred with the increase in firing rate is likely to be due at least partially to the influence of the refractory period (Werner and Mountcastle, 1963; Softky and Koch, 1993; Holt et al., 1996) . There was a small change in ISI correlation in PF (t (21) ϭ 2.28, p ϳ 0.03), and no significant change in preSMA (t (114) ϭ 0.21, p ϳ 0.83). Also, the firing regularity expressed a significant interregional difference between the higher-order motor area (preSMA) and the PF compared to within-group variability (t test, t (61) ϭ 4.88, p Ͻ 10 Ϫ5 ). This difference is much more prominent than firing rate (t (29) ϭϪ 4.38, p Ͻ 10 Ϫ3 ) or ISI correlation (t (54) ϭ Ϫ1.17, p ϳ 0.25; Fig. 7B ). Thus, the firing regularity is robustly specific to brain region types.
Possible origin of the difference in firing regularity across brain regions
The fast-spiking interneurons are known to exhibit high firing rate rather regularly (Connors and Gutnick, 1990) , and the difference in firing patterns across brain regions might be due to the difference in the population of the cell types. However, pyramidal neurons, the majority type in the cortex (Hendry et al., 1987; Abeles, 1991) , can also exhibit different firing patterns due to underlying network properties. Here we attempt to explore the origin of the difference in firing regularity across brain regions.
To see the difference in firing characteristics between different cell types, we analyzed spike trains recorded from the hippocampus of rats (data set 7). In this data set, neurons were classified into putative interneurons and pyramidal neurons according to whether the duration of action potential is short or long (Sirota et al., 2008) . It is observed from Figure 8A that the putative interneurons exhibit the higher firing rate and regularity than those of putative pyramidal neurons, and the firing characteristics of pyramidal neurons (solid ellipse for 75% confidence region) were shifted when putative interneurons were included (dashed ellipse).
Many distributions of the mean and dispersion of the firing regularity in Figure 4A are positively tilted (24 of 35 data sets). This may be caused by a skewed distribution of the firing regularity, because the covariance between sample mean and sample variance or dispersion is proportional to the skewness (Zhang, 2007) . Positively skewed distributions of the firing regularity may be obtained if a small number of interneurons exhibit the more regular firing than a larger number of pyramidal neurons. Nevertheless, pyramidal neurons alone may exhibit different firing patterns in different cortical areas; we analyzed spike trains recorded from rat motor cortex (data set 1) and somatosensory (barrel) cortex (data set 5) recorded using a juxtacellular labeling technique, with which the recorded cells can be identified as pyramidal with morphological information. Firing regularity turned out to be significantly different between these cortical areas (t test, t (60) ϭ 7.03, p Ͻ 10 Ϫ8 ; Fig. 8 B, C) . Firing patterns of pyramidal neurons in hippocampus, somatosensory cortex, and motor cortex are compared in Figure 8D , exhibiting systematic difference in firing regularity. This implies that the mean firing regularity in each brain region is mainly due to pyramidal neurons.
Discussion
Our study raised three points that merit consideration: first, as shown before, the regimes in which neuronal firing occurs exhibit systematic differences across different functional regions of the brain (Shinomoto et al., 2009) ; second, the firing regimes are similar across homologous regions in different species; and third, the parameter of the firing regimes strongly correlated to the functional regions is firing regularity.
Ideally, to investigate whether neurons in homologous functional brain regions have similar firing statistics across species, it would be desirable to have data from a single laboratory recording in different species under similar conditions. It is generally difficult to obtain data on physiological recordings from different species under the same conditions with the same behavior. However, we were able to compare neuronal firings recorded from two brain regions of the same monkeys performing the same task. Overall, however, we collected data obtained under a variety of conditions from several different laboratories. Our single requirement was that the data be recordings taken from experimental groups using awake animals. There is long-standing evidence that there are systematic patterns of activity that characterize the waking state (Klimesch, 1999) . There is a concern that data taken from different laboratories might differ because of systematic differences in techniques across laboratories. These differences include the criteria for isolating spikes from single neurons and biases in the sampling of neurons, e.g., sampling large (likely) versus small (less likely) neurons. Because of the differences in neurophysiological technique and sampling, there might have been a large enough amount of random scatter in our measurements that we would not have seen the systematic groupings that we did identify. However, despite these potential or even probable differences, the data we examined here group nicely for our measures. Thus, even though the tasks were different across species and brain regions, it is noteworthy, perhaps even remarkable, that we see the statistical commonalities across species that we do see.
Functional differentiation of firing patterns
The differences in firing regimes across functional regions may be seen as a natural consequence of the functional subdivisions coinciding with architectonic subdivisions. It seems like different cellular and connectional organization represented by different architectonics ought to exhibit different dynamics. We have shown that putative pyramidal neurons and interneurons exhibited different firing patterns in a single brain region, whereas the pyramidal neurons themselves exhibited systematic differences in firing regularity across different brain regions.
The presence of systematic difference in firing patterns suggests that it might be possible to distinguish brain regions according to their mean and dispersion of firing regularity of sampled neurons, much as we identify cytoarchitectonic divisions by the functional tuning properties. When we used a Bayes' discrimination analysis, we found a systematic trend of grouping according to anatomical substrate (Fig. 9) . When the mean and the disper- sion of firing regularity were computed from 10 spike trains sampled from a single data set, the brain region was inferred correctly in 97 and 75% of cases taken from rat and monkey, respectively. With 20 spike trains, the percentages increased to 99 and 82%. It seems unsurprising that the functional divisions based on cytoarchitectonics would have different dynamics. Neurons in each functional division send and receive unique interareal axonal projections (Felleman and Van Essen, 1991; Passingham et al., 2002) and possess specific intrinsic laminar or horizontal connections (Kritzer et al., 1992; Amir et al., 1993; Lund et al., 1993; Defelipe et al., 1999; Hooks et al., 2011) . In addition, dendritic morphology and spine densities of pyramidal neurons systematically vary across the cortical areas (Elston and Rosa, 1998; Benavides-Piccione et al., 2002; Elston, , 2003 BallesterosYáñez et al., 2006) . Diversity in the distribution and connectivity of inhibitory interneurons across cortical regions has been reported (Kritzer et al., 1992; Defelipe et al., 1999) . This variety of mechanisms could underlie the observed systematic variations in firing patterns across brain regions. We speculate that future studies that identify key mechanisms to control regularity of neuronal firing will inform us as to which organization makes coding efficient, depending on the type of information they receive.
Similarity of firing patterns across animal species
The fact that firing regimes were similar across different animal species indicates strong similarity in neuronal circuitries between homologous regions across different animals, regardless of an overwhelming difference in the brain size (Fig. 4) . Our examination of interspecies similarity in the firing regimes across brain regions revealed that the mPFC of rats and the PF of monkeys were similar with respect to neuronal firing regularity, despite the controversy regarding their cytoarchitectonic homology (Uylings et al., 2003) .
Functional significance of firing regularity
We searched for the firing characteristics that are essentially correlated to the functional area. In our previous study, we used an index of local variation, Lv (Shinomoto et al., 2003) , or its variant, LvR (Shinomoto et al., 2009) , which are relatively independent of the firing rate that fluctuates widely according to animals' tasks. However, Lv or LvR can be interpreted either as the ISI variability (firing regularity) or as ISI correlation (see Materials and Methods). Here, we estimated firing regularity and ISI correlation separately for each spike train and found that firing regularity was more closely related to brain region than either ISI correlation or firing rate.
Our finding that firing regularity varies systematically with brain region should spur interest in learning how regularity or irregularity influences neuronal information processing. Because different regions in the brain are specialized for different functions, it is reasonable to expect different regions are using specific code structures and that these are enforced by entering into appropriate regimes for processing different kinds of signals. Theoretical studies have suggested that the quality of information encoded might be represented by jumps among quasi-stationary states (Amit, 1989; Abeles et al., 1995; Mazzucato et al., 2015) . If such transitions are mapped into the single neuron level, spike trains may be seen as bursting or irregular. At the other extreme, neurons may send real values that vary continuously in time. In this case, regular firing may be more efficient than irregular firing in transmitting real values. Considering the functional modularity of the brain, it is reasonable that neurons in different regions are in different regimes giving rise to appropriate patterns of firing (Mochizuki and Shinomoto, 2014) . The next step would be to extend the analysis of single unit spike trains to the multivariate analysis of multiunit data.
The visual areas were characterized by near-Poisson statistics on average. Several authors (Elston, 2003 ; Maimon and Assad, AB Figure 9 . Discrimination of the firing regularity in terms of cortical functions. Gaussian discriminant analysis was applied to the firing regularity plane to determine the decision boundaries for the most likely cortical regions. A, Rat motor cortices, mPFC, and hippocampus. B, Monkey motor cortices, visual cortices, PF, and hippocampus.
2009; Murray et al., 2014) postulated that the visual areas are adapted to processing rapidly changing visual scenes because of smaller capacity for synaptic integration (Amir et al., 1993; Elston and Rosa, 1998; Elston, , 2003 or shorter integration time (Murray et al., 2014) . It is an interesting theoretical topic to investigate whether the Poisson statistics are optimal or the wider variety of firing patterns are needed for processing visual scenes. We also reported the systematic deviation from the Poisson statistics in other areas. Theoretical considerations suggest that the temporal correlations are beneficial to neural coding in two ways. First, in terms of rate coding, regular firing can be advantageous because downstream neurons achieve higher signal-to-noise ratio in counting the number of spikes that they receive (Filion and Tremblay, 1991; Bergman et al., 1994; Davies et al., 2006) . The motor areas seem suitable regions for the regular patterns because downstream muscle fibers inevitably low-pass filter the presynaptic inputs from motoneurons (Maimon and Assad, 2009) . Second, the temporal correlations may act as a channel of information (Pillow et al., 2008; Jacobs et al., 2009) . Among the data sets we analyzed, hippocampus showed the most bursting firing on average. Consistent with the idea that the burst activity conveys information, studies using rodents showed that hippocampal burst activity appears in a context-dependent manner (Harris and Mrsic-Flogel, 2013) , makes synaptic transmission reliable (Lisman, 1997), and influences plasticity (Moore et al., 1993; Takahashi and Magee, 2009) .
In summary, we have shown that there are similarities across neuronal firings in similar or roughly homologous regions that are robust across the large differences in behavior used to collect the data in different experiments. The systematic deviation in firing regularity from Poisson randomness along with the robustness across species should provoke study into learning what differences in firing regularity enable different forms of information to be efficiently encoded.
